A database of 88 superficial sediment samples, distributed in space and time, was collected from the Sidi Chahed Dam (northeast of Meknes city, Morocco) and from four other reference stations (in the same region) located in supposedly uncontaminated environments. Analyses were focused on the physico-chemical characteristics and concentrations of heavy metals (Fe, Mn, As, Cu, Zn, Pb, Cr, Cd). The database was processed by advanced statistical analysis techniques. The method of classification by self-organizing maps (SOM) was used, permitting understanding and visualization of the spatial and temporal distribution of samples. Principal component analysis (PCA) and SOM hierarchical classification (SOM-HC) were used to validate the classification and detect seasonal variations in heavy metal concentrations. Dependencies between different metal tracers were considered and their spatio-temporal distribution is shown, together with the ranking of clusters, according to their pollution levels. Thus, autumn samples were the only ones with high concentrations of As, compared to the four reference stations. This is due to leaching of bare soil by the first stormy rains of autumn. In winter and spring samples, the concentrations of tracers Mn, Zn, Cu, Pb, Cd and Cr were relatively high compared to those of the reference stations. Summer sample concentrations were most comparable with the reference stations, probably due to the scarcity of rainfall and runoff in this season.
Introduction
Water resources are a major concern in countries with arid or semi-arid climates as they are absolutely essential to the development of human, economic and social activities. Morocco is a country that has linked its socio-economic development to water resources based on the exploration of groundwater and construction of Dams. However, in recent decades these resources seem threatened by industrial, agricultural and urban activities causing metal pollution and over-exploitation.
Given the magnitude of these issues, several studies have been conducted in Moroccan aquatic ecosystems (Ben Bouih et al. 2005 , Abdallaoui and El Badaoui 2011 , Abrid et al. 2011 , 2014a , 2014b , 2014c , Taouil et al. 2011 , El Hmaidi et al. 2012 . Most of these studies have used standard statistical methods, multiple linear regression (MLR), principal component analysis (PCA), ascendant hierarchical classification (AHC) and supervised artificial neural networks (SANN). Abdallaoui and El Badaoui (2011) reported in Oued Beht (Morocco) a predictive study of levels of toxic heavy metals in sediments using MLR and SANN methods.
The self-organizing maps (SOM) clustering method (Kohonen 2001 ) is an artificial neural network technique based on unsupervised learning algorithms. Because of their classification capabilities as well as their visualization performance, they have become one of the most widely used statistical tools in the environmental field. They have been recently used to investigate the environmental quality of aquatic systems through the study of their sediments (Alvarez-Guerra et al. 2008 , Tsakovski et al. 2012 , Olawoyin et al. 2013 , Subida et al. 2013 . Olawoyin et al. (2013) studied water and sediment quality using SOM in a petrochemical region of the Niger Delta (Nigeria). Furthermore, Subida et al. (2013) provided a classification of sediment contaminated by heavy metals and organic matter in the Sancti Petri channel (southwest Spain). The SOM approach was used in the Mar Menor lagoon (southeast Spain) to explain specific relations between heavy metal content in sediments and ecotoxicity tests (Tsakovski et al. 2012) . A comparative study of SOM vs traditional multivariate statistical techniques was done using physical, chemical and toxicological variables from three Cantabria estuaries (Spain; Alvarez-Guerra et al. 2008) .
The SOM method has also been used successfully in other environmental fields (soil, air, water, etc.) . Nadal et al. (2006) used SOM to determine persistence, bioaccumulation and toxicity properties of the chemicals held in the soil of a chemical/ petrochemical area (Tarragona, Spain). Alvarez-Guerra et al.
(2011) developed a methodology based on the SOM technique for integrating data about multiple measured pollutants to group monitoring stations according to their similar air quality in Spain. Tsakovski et al. (2010) used SOM to reveal the main factors controlling roof runoff water quality in Gdansk (Poland).
This work focuses on evaluating and depicting the origin of metal contamination in superficial sediments of the Sidi between the southern Rif and pre-Rif ridges (Morocco). Its construction was mainly intended to supply the city of Meknes with drinking water and irrigation. However, the reservoir water quality has been found unfit for human consumption due to its relatively high salinity (El Fatni et al. 2005) since its commissioning in February 1997. Intensive agriculture is the region's greatest wealth. The main crops are cereals (in particular wheat), legumes, sunflowers, gardening and forage crops. Fruit trees occupy a significant part, mainly olive trees and vines. The area also includes a large number of agro-industrial units, flour mills, canneries, cellars, units for milk collection and processing, grain storage and refrigerated warehouses. Activities focused on artisanal fishing and regional tourism dominate, especially at the Dam. Given the importance and diversity of agroeconomic activities, it is useful to study and assess their impact on the environmental quality of Sidi Chahed Dam water through the surface sediments' physico-chemical parameters of the surface sediments.
Materials and methods

Sampling and physico-chemical analyses
The studied sediments were collected at the water-sediment interface by means of a boat, using a bucket of Eckman type to collect superficial sediments (0-5 cm depth). The 22 stations were selected to cover the entire Sidi Chahed reservoir (Fig. 2) . Location of sample stations was carried out using a portable GPS Magellan eXplorist 100. Four campaigns were carried out at each location during the fours seasons of 2011. To make a comparison, four reference stations were chosen across the watershed at sites away from human activities (Boust et al. 1981) .
The samples were taken under very favourable conditions. They were transported to the laboratory packed in plastic bags at 4°C (Aubert 1978 , Rofes 1980 , Rodier et al. 2009 ). In the laboratory, they were stirred until a homogenous mixture was obtained; the mixture was then dried in an oven for 48 hours at 80°C and filtered in water to extract the fraction that was smaller than 200 μm. The dosimetry of eight metal tracer element concentrations -iron (Fe), zinc (Zn), manganese (Mn), copper (Cu), arsenic (As), cadmium (Cd), lead (Pb) and chromium (Cr)-was performed by the ICP-AES (inductively coupled plasma atomic emission spectroscopy) method. An amount of 1 g of sediment (<200 μm) was mineralized at 120°C for 4 hours in the presence of aqua regia (a mixture of 25% concentrated nitric acid and 75% hydrochloric acid). The mineral deposit was taken up by successive rinsing with ultra-pure water, then filtered through a membrane of 0.45 μm, and filled to a volume of 50 ml.
Self-organizing maps
Self-organizing topological maps (SOM) are clustering methods based on neural networks (Kohonen 2001) . They are common tools that are increasingly used for processing multivariate data and provide convenient visualization of results. A SOM map consists of units, called neurons, connected on a regular grid, usually a two-dimensional hexagonal grid. It allows the partition of a global learning dataset (input data space) into a reduced number of subsets, having certain statistical characteristics in common. Each subset is represented by a weight vector which has as many components as the input data vectors. A weight vector is a virtual vector in the input data space and corresponds to a neuron of the map grid (output map space).
A special characteristic of SOM algorithms over other methods of clustering is the preservation of the topology of the input data space. Two neighbouring neurons on the output map space have close weight vectors in the input data space. This topology preservation allows samples with similar characteristics to be placed together on the map, while very different samples are expected to be distant on the map. The correlations and relationships between samples and variables can be easily visualized using the SOM component planes (Vesanto 1999) .
The component planes show the values of each singular component in each neuron and how each input vector varies over the output map space. They permit detection of correlated variables when viewing several component planes at the same time. Identical colour patterns among variables mean that a certain variable increases or decreases. In this case, it becomes a positive correlation. Conversely, negative correlations between variables appear if patterns among variables are the same but with opposite colour distributions.
In this study, SOM is used to process 88 sediment samples of nine components which are normalized to the range [0, 1]. The SOM map is taken with hexagonal topology and the number of units is chosen to be 11 × 8. The SOM linear initialization is chosen for the initialization procedure, and the learning step is done using the SOM sequential algorithm with gaussian neighbourhood function.
The accuracy of the map in preserving the topology is evaluated through the average quantization error (QE) and topological error (TE) (Kiviluoto 1996 , Kohonen 2001 . The QE evaluates how well the SOM map fits the input patterns, while the TE measures how continuous is the mapping from the input space to the map grid.
Hierarchical clustering
Hierarchical clustering methods are techniques for sharing the learning dataset in classes according to their proximities. The first iteration of an algorithm for ascendant hierarchical clustering (AHC) is to combine the two closest individuals. Pairs of elements (individual or group of individuals) are combined according to their proximity to arrive at a single class. Finally, a hierarchy of groups is obtained. Each hierarchy level represents a particular partition of data on disjoint groups. For the present study, SOM hierarchical clustering (SOM-HC) allows us to group similar neurons of the SOM map according to the distances between the corresponding weight vectors. Each individual dataset is assigned to the corresponding group of its neuron.
Principal component analysis (PCA)
Suitable results can be obtained by using multivariate methods such as principal component analysis (PCA). PCA is frequently used for dimensionality reduction and provides an easy visualization of the relationships between variables in large or complex datasets. PCA is used for separation of variables, and sometimes for individual classifications (Pardo et al. 2004, Reid and Spencer 2009 ). Alvarez-Guerra et al.
(2008) presented a comparison between AHC, PCA and SOM-HC, in which the last gives the best results for their case study. In our study, PCA was used to validate SOM-HC.
Results and discussion
SOM classification of sediment samples
The SOM map used here consisted of 11 × 8 units arranged in a hexagonal map. The range normalization method was used for data normalization. These choices were made since they provide the best trade-off between QE and TE errors and give a number of map units close to the number of samples (88). In this study, performance according to the map size of 11 × 8 and range normalization gave sustainable and good values of QE and TE of 0.218 and 0.011, respectively (bold values in Tables 1 and 2 ). Thus, the results obtained from the samples dataset with SOM provide a high confidence level.
The SOM component planes of the whole dataset are shown in Figure 3 . The blue and the red colours indicate low and high values, respectively. Total organic carbon (TOC) values and maximum and minimum values of eight metallic trace elements are presented in Table 3 . As previously mentioned, identical colour patterns among variables correspond to positive correlation; which can be seen with the variables Mn, Zn, Cu and Pb. In contrast, variables Fe and Cr show negative correlation. The other variables have neither positive nor negative correlations; in particular, TOC and As vary independently of the others.
Principal component analysis (PCA)
The first two components of the circle of correlations among variables in the PC1 vs PC2 subspace contain 64% of the data variation ( Fig. 4(a) ). The third component, PC3, exhibits 10 % of the information (Fig. 4(b) ). Consequently, the SOM results are confirmed by PCA.
SOM hierarchical clustering
Hierarchical clustering is used to group similar sediment samples into clusters. The dendrogram analysis shows the relationship between euclidian distances and the SOM map neurons (Fig. 5) . Four main clusters emerged in this study. These are illustrated as a component plane (Fig. 6) . Figure 7 shows the PCA score plot. Thus, the four clusters are distinguished in Table 3 . the subspace and are generated by the two first PCA axes (PC1 and PC2). Figure 2 shows the SOM-HC classification of stations over seasons. The four columns represent the four seasons (winter, spring, summer and autumn), and the four colours represent the four clusters (blue for cluster I, cyan for cluster II, yellow for cluster III and brown for cluster IV).
The four clusters are explained as follows: Cluster I contains nine samples, which represent 10.25% of the overall dataset. These samples show the highest levels of most tracers, namely Mn, Zn, Cu, Pb, Cr and TOC. In contrast, Fe and As show low concentrations.
Cluster II is of 29 samples, which represent a third of the total samples (33%). The main feature of this cluster is the very low values of Fe and As. Moderate values of variables Pb and Cr are very homogeneous. Other variables range from low to moderately high values. In addition, all high values of Cd are assigned to this cluster.
Cluster III is the largest, with 33 samples, representing 37.5% of the whole dataset. It is characterized by low values of tracers Mn, Zn, As, Pb, Cu and Cd, moderately low values of Cr, and high values of Fe.
Finally, Cluster IV contains 17 samples, which represent 19% of the total dataset. It is characterized by high values of Fe and As, and low values of the other tracers.
Cluster ranking according to their levels of pollution As shown in Table 3 , clusters I and II contain the highest concentrations of most tracers, namely Mn, Zn, Cu, Pb, Cd and Cr. Compared with the reference stations, these tracers have very high concentrations in these two clusters, with a slight advantage for Cluster II. Clusters III and IV contain the lowest values of most tracers (Mn, Zn, Cu, Pb, Cd and Cr) . Tracer values are of the same order of magnitude (or even lower) than those of the reference stations. Cluster IV is distinguished by its high values of As. The Fe values are highest in these two clusters. This tracer can be considered as natural in the region. Indeed, the projection of the four reference stations on the SOM map (Fig. 8) shows that one of them contains a moderately high value of Fe. High values of Fe come from geological outcrops where Triassic red clay beds are exposed in the region (Abrid et al. 2012) .
High levels of TOC are scattered over clusters I, II and III. Cluster IV shows very low values of TOC. In addition, TOC values are much higher than those of the reference stations ( Table 3 ). The results prove the anthropogenic origin of TOC, which might be connected to organic anthropogenic pollution from fertilizers and domestic waste along the Mikkes River (El Hmaidi et al. 2012) . Seasonal variations of tracer concentrations are depicted on the SOM map samples projection according to the four seasons of 2011 (Fig. 9) . Most samples from winter and spring are grouped in Cluster II. Eight of the nine samples of Cluster I belong to these two seasons, with three samples in the winter and five in the spring. Samples for these two seasons are the most polluted by tracers Mn, Zn, Cu, Pb, Cd and Cr. These values are relatively high compared to those of the reference stations (Table 3 ). The sources of contamination are probably related to runoff, erosion of agricultural land (fertilizers and pesticides), discharge of domestic sewage, and road traffic on the main road No. 4 in the western area (Abrid et al. 2012 (Abrid et al. , 2013 (Abrid et al. , 2014a .
Virtually all summer samples are grouped in Cluster III (except one that is in Cluster IV). As mentioned above, Cluster III has comparable values to the reference stations. These results indicate that there is no metal contamination during the summer, probably related to rainfall scarcity and pollution runoff being primary vectors to the reservoir.
The majority of autumn samples plot within Cluster IV, and they are the only ones with high concentrations of As compared to the four reference stations. The maximum values of As, which are also recorded in autumn, are observed in Cluster I (Fig. 9) . These high values could be explained by an anthropic origin due to soil leaching by the first stormy autumn rains.
Conclusions
Studies of heavy metals in superficial sediments were carried out at Sidi Chahed Dam, northeast of Meknes (Morocco). Physico-chemical analyses, self-organizing maps, principal component analysis and hierarchical clustering constrain the variations in metal pollution, allowing the nature and origin of contaminant elements to be assessed according to stations and seasons. Four clusters are defined related to seasons and stations. Autumn samples contain high concentrations of As, compared to reference stations. This is due to soil leaching by the first stormy rains of autumn. In winter and spring, the concentrations of tracers Mn, Zn, Cu, Pb, Cd and Cr are relatively high compared to the reference stations. Summer is the season when the concentrations are most comparable with the reference stations, probably due to the scarcity of rainfall and runoff in this season. In addition, TOC values within the four clusters indicate an anthropogenic origin, which may be connected with organic pollution from fertilizers and domestic waste along the Mikkes River. The results of this study can be employed by decision makers for integrated management and protection of the Dam ecosystem.
